Abstract: Background: Accurate recognition of important gene sets from genome-wide gene expression profiles provides great insights into the underlying biological mechanisms that govern the gene expression dynamics. However, most gene set recognition algorithms rely solely on supervised sample phenotypic information, overlooking the unsupervised gene-gene expression correlations that are inherently informative in the gene expression profiles.
BACKGROUND
Gene set recognition, a major apparatus for interpreting gene expression profiles, has been employed in a wide range of microarray-based studies ranging from Drosophila heart formation to human cancer mechanisms [1] [2] [3] [4] [5] [6] [7] [8] [9] . Gene set recognition refers to the computational task of identifying previously curated gene sets such as regulatory pathways and gene ontology. The appealing feature of gene set recognition comes from its capability to identify signal genes as functional modules that give rise to more biologically interpretable results rather than sporadic significant genes. The basic and standard approach to gene set recognition is to use Fisher's Exact Test (FET) to compare the microarray-derived gene list against each of the pathways, gene ontology groups in standard database such as GenMAPP [10;11] and Gene Ontology [12] . This simple FET approach has been implemented in many data analysis tools [13] [14] [15] [16] [17] . In fact, virtually all gene set recognition algorithms involves in three basic steps: (1) each gene is assigned a score according to certain hypothesis; (2) for a specific gene set, a summarization statistic, called the enrichment score is computed from individual gene scores; and (3) a significance value is computed for each gene set enrichment score. For instance, the FET approach requires the users to retrieve the candidate gene *Address correspondence to these authors at the 8700 Beverly Blvd., Davis Bldg., G150, Los Angeles, CA90048, USA; Tel: 1-310-423-7361; Fax: 1-310-423-2303; E-mail: charles.wang@cshs.org 8700 Beverly Blvd., Davis Bldg., G151, Los Angeles, CA90048, USA; Tel: 1-310-423-7363; Fax: 1-310-423-2303; E-mail: dengx@ucla.edu lists from the gene expression profiles, which is essentially equivalent to assigning a binary score for each gene indicating whether the gene is of interest or not. Then for each predefined gene set the enrichment score is defined as the proportion interesting genes. Finally, this enrichment score is tested against background of all genes using FET. An obvious drawback of FET is that the dependence on gene lists requires an arbitrary cutoff value for binary scoring, which often leads to inconsistent biological interpretations [18] [19] [20] . Subramanian, Tamayo, and Mootha [18] proposed an algorithm named Gene Set Enrichment Analysis (GSEA) which used continuous scoring used for individual gene and gene sets. GSEA uses Kolmogorov-Smirnov statistic as an enrichment score for each pathway, and then significance acquisition and multiplicity adjustment procedures are performed based on the enrichment scores. Subsequently, an array of modifications, primarily targeting on different summarizing statistic and significance acquisition techniques, have been proposed [21] [22] [23] [24] [25] [26] [27] .
One common feature of the above mentioned methods is their heavy dependence on sample phenotypic information such as disease status, drug treatment, age, gender, which makes them a group of supervised gene set recognition methods. This feature, however, limited their usage in gene expression profiling studies for the following three reasons: (1) the manually curated gene sets in knowledgebase represent established functional modules, and their inherent orchestrated expression patterns are a major signature of the gene sets but were overlooked by the supervised methods; (2) as the gene expression profiling studies become increas-ingly complex, often involved with multiple phenotypes and unknown subgroups, the supervised scoring metric based on gene-phenotype correlations are becoming more difficult to define; and (3) some gene expression profiling studies employ unsupervised design by focusing on discovering coregulated gene expression pattern [28] [29] [30] . Because of these drawbacks, the supervised gene set recognition methods are only effective in simple studies such as a comparison between a treatment group and control group.
The challenge hence is to define and capture the true pattern of the gene sets given the expression profiles. We distinguish the two aspects of the gene set pattern: the supervised gene set activity defined by the gene-phenotype correlation structure and the unsupervised gene set coherence defined by the gene-gene correlation structure. The coherence of each gene set not only served as a complement to the gene set activity, in some cases, it must be incorporated into gene set activity to avoid reduced recognition sensitivity and specificity [31] . For instance, a highly coherent pathway with low activity may not be important at all if the pathway genes that are constantly expressed across all samples. On the other hand, a highly active pathway with low coherence profiles may indicate its genes were activated through other pathways.
In this paper, we developed a computational framework named PAGER (Pattern Acquisition and GEne-set Recognition) which provides a two-dimensional view on gene sets defined by supervised activity and unsupervised coherence. PAGER allows one to choose activity or coherence or both for gene set recognition. For activity and coherence metrics, PAGER offers a set of expandable options based on specific study design. The major feature of PAGER hinges on its emphasis on its integration of both gene set coherence and activity for gene set recognition. Currently, the options on gene set coherence are generally not available in other software, but nevertheless important for studies employing complex design. Additionally, PAGER emphasizes a statistically justified integration method we developed before [32] , in which the error is rigorously controlled and statistical power is improved over classical methods. As demonstrated in one of our published studies, PAGER was proved to be a powerful tool in identifying a set of known stem cell regulation genes in responding to the liver injury, providing evidence supporting our hypothesis that some factors released from the injured rat liver can promote bone marrow hepatic stem cells priming [33] .
METHODS
The computational framework of PAGER consists of five steps: scoring, summarization, significance acquisition, integration, and adjustment. As described, although the first three steps were similar to many existing algorithms, PAGER computes both gene set activity and coherence with new summarization options. Then for each gene set, its significance on coherence and activity were combined based on statistically principled methods to identify the gene sets that are active and/or coherent. In the scoring step, the pair-wise gene-gene coherence (GGC) and gene-phenotype activity (GPA) for each gene were computed according to user selected metrics. The gene level scoring was subsequently summarized into gene set level enrichment score which consists of coherence C(P) and activity A(P) for each gene set P. The summarization is followed by the significance acquisition in which the p-values of C(P) and A(P) were obtained based on the comparison with randomized gene sets which are used as the background null distribution. For each gene set P, its p-values of coherence and activity were then com- Fig. (1) . Illustration of PAGER framework for gene set recognition. 1. Each gene set is superimposed onto the gene expression data 2. The GPA is computed for each gene in the gene set 3. The GGC is computed for each pair of genes 4. GPA vector is summarized into the gene set activity 5. GGC matrix is summarized into gene set coherence 6. The permuted version of the gene set is generated for significance acquisition 7. The significance of gene set activity and coherence are integrated 8. FDR is computed after all gene sets were processed for multiplicity adjustment. bined into a single integration p-value. The p-value integration is a necessary step to determine if a gene set is significantly active and/or coherent. Then the false discovery rate (FDR) q-value was computed to adjust errors for testing multiple gene sets based on the p-value distributions of a given data base with multiple gene sets. The computational framework of PAGER is graphically illustrated in Fig. (1).
Scoring
PAGER can handle samples belonging to either discrete phenotypes (such as gender) or continuous phenotypes (such as age). For each gene set P, the GGC scoring matrix M and GPA scoring vector z were established from its individual gene expression profile represented as g i and phenotype profile phe:
,
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The scoring of M and z is based on the choice of coherence function GGC(·) and the activity function GPA(·). For example, the Pearson's correlation, Spearman's rank correlation, Hamming distance (after discretization), and the inverse of Euclidean distance are among the choices of the coherence function. The choice of GPA(·) depends highly on specific experimental design and research hypothesis. For instance, t-statistic or mean fold changes were suitable function for two-group comparison. The ANOVA f-statistic or coefficient of variance (CV) can be used for multi-group comparison. For continuous phenotypes, the GPA can be measured by Pearson's correlation or other statistic that represents the research hypotheses. For measuring gene level activity, PAGER provides the options of parametric tstatistic (without assumption of equal variance) or fold change for two-group comparison and ANOVA f-statistic or coefficient of variance for multi-group comparison. For continuous phenotypes, PAGER currently provides Pearson's correlation or Spearman's correlation.
Summarization
In this step, gene set level statistic for measuring coherence C(P) and Activity A(P) for each gene set P was computed based on M and z respectively:
where ( ) i and ( ) i are summarization functions on gene level scores M and z respectively. In PAGER, the maximum spanning tree was proposed as a better metric for gene set coherence C(P). This was done by modeling each gene set P as a graph with each of its genes a graph vertex and each entry M ij as the weight of the edge between gene pair g i and g j . Therefore the GGC matrix M was transformed into a graph adjacency matrix. The (M) was defined as the total weights of the maximum spanning tree edges which can be computed using the well-known Prim's algorithm or Kruskal's algorithm [34] . The maximum spanning tree summarization could better capture the overall GGP structure than median or median of the elements in M as demonstrated in our results. It was shown that the majority of the activated gene sets has more than one conserved patterns in the expression profiles (see Results for detail). To summarize the gene set activity A(P), PAGER adopted the GSA max_mean statistic [23] , GSEA Kolmogorov-Smirnov statistic [18] , or mean(z) as options for the summarizing function (i) .
Significance
The significance of gene set activity and coherence were obtained by gene randomization. In GSEA, the significance was obtained using label permutation [18] . However label permutation incurs a big cost as it requires simple study design, but large sample size to obtain a sufficient number of permutations that can lead to any significant gene sets. PAGER circumvented the sample size problem by adopting gene randomization. For each gene set P of size m, we randomly select m genes from the set of all genes without replacement to construct a random gene set. We draw B such random gene sets notated as P 1 , P 2 ,…, P B and compute
It is easy to obtain pvalues using the random gene sets as the background null distribution:
, and
The p-values of gene set coherence and activity were notated as p C and p A respectively.
Integration
Based on the p-values p A and p C for each considered gene set, the integration is essentially a multiplicity error adjustment procedure. In PAGER, the integration of statistical significance can be performed in two ways: the meta-analysis approach and the Intersection-Union Test (IUT) approach. There is a subtle but important difference between two integration approaches. The integrated significant p-value using the meta-analysis approach provides the overall significance of activity and coherence of a given gene set; whereas the integrated significant p-value using the IUT approach indicates the gene set's activity and coherence are both significant. The meta-analysis methods include the well known Fisher's method [35;36] 
, where
, the Z-score corresponding to the tail probability of standard normal distribution.
The selection of integration method is dependent on specific research hypothesis and study design. The metaanalysis is more sensitive thus can give rise to more significant gene sets, but it is more susceptible to make false positives than the IUT approach. Alternatively, the IUT approach provides a more rigorous and conservative way against excessive false positives than meta-analysis. IUT combines activity and coherence tests into a single test which rejects the combined null hypothesis if both of the individual tests reject. In PAGER, we adopted our previously developed method for performing rigorous and powerful IUT [32] , which has an adjusted IUT p-value p' expressed as
where p = max(p C , p A ) is the unadjusted IUT p-value [38] and C and A are the true probabilities of alternative hypotheses. The nuisance parameters ( C , A ) can be estimated from all gene sets. Since there are usually hundreds of genes available for each statistical test, we can obtain crude and conservative estimates of the parameters according to the following equations [39;40] :
where n is the total number of curated gene sets, is a chosen fixed value and p C (j) and p A (j) represent the p-values for the coherence and activity on the jth gene set. It was shown that this approach is more powerful than or as powerful as the unadjusted IUT approach with feature of rigorously control type 1 error at the nominal significance level [32] . Steps 1-4 were repeated to obtain the p C and p A for each gene set in the database.
Adjustment
Because hundreds of gene sets are being tested, it is crucial to perform multiplicity adjustment to avoid excessive type 1 error. In our case studies, the p-value computation was followed by false discovery rate (FDR) q-value adjustment using the direct FDR approach [39;40] . The FDR procedure was performed on the distributions of p A , p C , and p I respectively.
RESULTS

Gene Set Database and Software
In our case studies, we use the MSigDB Version 2 Collection 2 [18] -a collection of curated gene sets from multiple sources-as the main gene set database for testing. To ensure a high quality collection of gene sets, the source database were limited to KEGG [41;42] , GenMAPP [11] , and Broad Institute, resulting in 394 candidate gene sets in our test database.
Due to the intensity of computation required, PAGER was released as a stand alone desktop application. PAGER was implemented in C++ and has an optional graphic user interface implemented in C#. PAGER is compatible with any public or user-edited gene sets in MSigDB gene set format 
Case Study 1: Time Course Gene Expression Profiling in the Rhesus Macaque Adrenal Gland
The data set involves expression profiles of whole adrenal glands collected at 4-hour intervals across a 24-hour period at 7 am, 11 am, 3 pm, 7 pm, 11 pm, and 3 am of 22,283 transcripts from adult female Rhesus macaques. The normalized data can be downloaded from the Gene Expression Omnibus (GEO) using record number GDS2110 [43] . We use Coefficient of Variance across six time points as a measure of GPA for each transcript. Pearson's correlation coefficients were used to measure GGC. The gene set summarizing statistic for gene set activity is GSA max-mean statistic, and for coherence is MST. Stouffer's method was used for integrating gene set activity and coherence. With the number of randomization set at 1000, we identified 22 significant gene sets with integrated p-value less than 0.01 and q-value less than 0.2 ( Table 1) and immune system gene sets Fig. (2) . Unsupervised coherence tree structure and supervised activity scores of gene set Cholesterol_Biosynthesis*. *Based on the data set GDS2110 from GEO. The Cholesterol_Biosynthesis gene set is not significant in its activity (p A =0.391) but significant in its coherence (p C =0.001) with peak expression at 7 PM -11 PM for the majority of its genes. The height of each gene symbol was displayed proportionally to its activity score so that highly activated genes will stand out from the background. The 25%, 50%, and 75% quantile lines across all gene activity scores were also displayed. Gene-gene correlations were displayed in a clustered fashion and were used for the summarization of gene set coherence. The p-values and adjusted q-values for the gene set coherence, activity and integration were also displayed. (Asbcell_Pathway, Th1Th2_Pathway) which were not reported in the original study [44] . However, their highly significant integrated p-values plus the recent findings [45;46] suggest the significance on their time-specific regulation in adrenal gland.
Our analysis also confirmed the findings in the original report [44] that Cholesterol_ Biosynthesis was periodically regulated on a daily basis. This gene set displayed a highly significant coherence (p C = 0.001) with peak expression at 7 pm and 11 pm but its activity was not significant (p A = 0.391). Fig. (2) shows the graphic output of the twodimensional activity-coherence structure of the Cholesterol_Biosynthesis gene set. In contrast, Biogenic_Amine_Synthesis gene set displayed high activity (p A =0.001) but nevertheless showed non-coherent (p C =0.163) expression pattern (Fig. 3) . These cases clearly demonstrated the advantage of investigating gene set pathway pattern by looking into both coherence and activity.
For the gene set Fibrinolysis_pathway, there is a large difference in significance between MST summarization (p C-MST = 0.035) and mean summarization (p C-Mean = 0.261) in summarizing the gene set coherence. This demonstrated that the selection of different summarizing statistic could lead to different test conclusions. As shown in Fig. (4) , genes displayed their expression in different rate in this given gene set. The genes formed three clusters with their expressions peak at early, middle, or late stage of a 24 hour period. The use of MST could better capture the non-random structures of gene-gene correlation.
These examples demonstrated that using activity or coherence measure alone would miss certain patterns that are important in adrenal gland gene regulation [44] . To further elucidate this, we showed the joint distribution of p C and p A among the 464 gene sets. The very weak correlation between the two measures indicates that pathways with significant activity may not imply its significance in coherence and vice versa (Fig. 5) . Therefore the joint distributions of gene set activity and gene set coherence shown in Fig. (5) further justified the need of testing both activity and coherence for better gene set recognition. These results clearly demonstrate Fig. (3) . Unsupervised coherence tree structure and the supervised activity scores of the gene set Biogenic_Amine_Synthesis*. * Based on the data set GDS2110 from GEO. The gene set is not significant in its coherence (p C =0.163) but significant in its activity (p A =0.001) with the majority of its genes showing activity that are far above average (50% quantile) among all genes on the microarray. the capability and advantage of PAGER by distinguish and integrate the two aspects of gene set pattern, the supervised activity and unsupervised coherence. Fig. (4) . Unsupervised coherence tree structure and the supervised activity scores of the gene set Fibrinolysis_Pathway*. * Based on the data set GDS2110 from GEO. The figure shows three distinct gene expression patterns with peak expression at 7AM, 7PM, and 3AM, respectively, in a 24-hour period.
Case Study II: Rat Primary Hepatocyte Time-Course Toxicogenomics Study
To further demonstrate the flexibility and applicability of PAGER, we applied it on the rat toxicogenomics data set generated in one of our lab [47] . This study employed a more complex study design, in which gene expression profiles were monitored in primary rat hepatocytes exposed to cadmium in multi-dosage levels and at multi-time points. Briefly, primary rat hepatocytes were isolated and were exposed to cadmium acetate (0, 1.25 and 2.0 μM) for 2 h. Cells were collected at 0, 3, 6, 12 and 24 h in all three groups (0, 1.25 and 2.0 μM Cd) for mRNA expression profiling using Affymetrix RatTox U34 (RT U34) array which contains ~972 probe sets representing ~800 important toxicologyrelated genes. The microarray experiment was repeated with hepatocytes from 3 animals, each with 2 replicates (independent cultures) for each dose (3 doses) at each time point (5 time points), resulting in a total of 90 chips (3 animals · 2 replicates · 3 doses · 5 time points). The two replicates were averaged in our analysis. We were interested in identifying the gene sets that are responsive at both lower dose (1.25 μM) and higher dose (2.0 μM) cadmium treatments respectively. To measure the treatment effect, expression values were normalized as logfold change between a treatment (1.25 and 2.0 μM) and its corresponding control (0 μM). The sum of the absolute logfold changes across three animals and five time points was used as a measure of activity GPA for each transcript. Pearson's correlation coefficients of the log-fold changes were used to measure pairwise GGC. GSA max-mean statistic was used for summarizing activity and MST was used for summarizing coherence. Extremely small (< 5) or large (> 200) gene sets were eliminated in this analysis, resulting in 142 gene sets with size ranging from 5 to 200. Because the RT U34 contains a fairly small number of genes, the 142 gene sets cannot be assumed independent, which violates the assumption of the FDR control procedures. Therefore, we intentionally skipped the FDR step and applied the stringent integration IUT method as well as a rigorous p-value (p<0.005) to determine significance of gene sets. Table 2 and Table 3 listed 16 and seven significant gene sets that were identified by PAGER for the higher dose (2.0 μM Cd) and low-dose (1.25 μM Cd) treatments, respectively. Many of the identified gene sets were known to be related to toxic chemical responses such as apoptosis, cell death, stress, HSP, and NF-B regulated gene sets. In addition, all seven gene sets identified at lower dose were also identified at higher dose treatment, which indicates there is a doseresponse effect due to cadmium treatment in rat primary hepatocytes. The higher dose treatment induced more drastic cell response than the lower dose treatment did, as demonstrated by the generally lower p-values in the higher dose treatment (2.0 μM Cd) compared with that in lower dose treatment (1.25 μM Cd ) for each gene set. Similar to previous study, we also observed that using supervised activity alone is not sensitive enough to recognize some important Table 2 ) that their integrated gene set patterns were all significant (p I <0.005). In fact, the activation of these gene sets was corroborated by cytotoxicity experiments which showed a substantial cell death by lactate dehydrogenase (LDH) leakage due to cadmium treatment [47] [48] [49] . This case study clearly demonstrated the advantage that the integration of gene set coherence in PAGER greatly contributed to recognizing and identifying these coordinated but moderately active gene sets.
Time course gene expression profiles were ideally suited for gene set analysis because they provide more dynamic information than single-time-point experiment. We performed gene set recognition along the time course and computed the p-values at each time point which allows to monitoring the gene set activity across the time course. Two gene sets showing monotonous p-value dynamics were observed. Both were cancer-related gene sets (Brentani_Death, Brentani_Transcription_Factors) that were manually curated using expressed sequence tags [50] . The cancer-related transcription factors (Brentani_Transcription_Factors) displayed high significant p-values at 0h, and the p-values continuously increase along the 24 hour course. The death gene set (Brentani_Death) showed the opposite dynamics (Fig. 6) . This indicates that the transcription factors were turned on soon after cadmium exposure, whereas the death genes were activated at later stages, which confirms our previous analysis using literature-based text mining [47] . 
CONCLUSIONS
As the gene set databases become increasingly comprehensive and accurate, treating genes in unity as sets can help interpret the pattern of gene expression profiles and reduce erroneous discovery. We developed a new gene set recognition framework, PAGER, which distinguish two distinct aspects of gene set pattern-activity and coherence. Therefore PAGER provides a two-dimensional view which helps in revealing the hidden patterns, especially the internal coherence for a given gene set. Another advantage of PAGER comes from its expandable framework with features and options for addressing complex expression study design. Our results showcased PAGER's flexibility and capability on physiological and toxicogenomics data sets which represent typical microarray gene expression profiles. In addition to the classical gene sets such as pathways and gene ontology, experimentally or computationally derived gene sets can be used as well. One of the limitations of PAGER and many other gene set recognition tools is the mathematical simplification of regulatory pathways as gene sets. This simplification could greatly reduce the modeling and computational complexity but it overlooks the topology and interactions between pathway genes. We are currently developing a method that can incorporate the gene interaction information to look into the detailed gene activation cascades throughout the pathways. We predict that the gene-set recognition tools will play critical role in integrative genomics and systems biology.
ADDITIONAL FILES
Additional File 1 -PAGER User's Manual
The source code, compiled program and user's manual can be accessed at http://dengx.bol.ucla.edu/PAGER/ PAGER.htm. PAGER and its resources are distributed under the terms of the GNU General Public License version 2 or later.
